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A B S T R A C T

Study Region: The Washington D.C area.
Study Focus: This work investigates the potential of using satellite-based precipitation products in
a hydrological model to estimate water quality indicators in the Occoquan Watershed, located in
the suburban Washington D.C area. Three (3) satellite-based precipitation products based on
different retrieval algorithms (the Tropical Rainfall Measuring Mission Multi-satellite
Precipitation Analysis, TMPA 3B42-V7; the Climate Prediction Center’s CMORPH product; and
the Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks
Cloud Classification System, PERSIANN−CCS) are compared to gauge-based records over a 5-
year period across the study region. The 3 satellite-based precipitation products and the gauge-
based dataset are used as input to the Hydrologic Simulation Program FORTRAN (HSPF) hy-
drology and water quality model. Each satellite precipitation-forced simulation is compared to
the reference model simulation forced with the gauge-based observations, in terms of streamflow
and water quality indicators, i.e., stream temperature (TW), total suspended solids (TSS), dis-
solved oxygen (DO), and biological oxygen demand (BOD).
New Hydrological Insights for the Region: Results indicate that the spatiotemporal variability ob-
served in the satellite-based precipitation products has a quantifiable impact on both modeled
streamflow and water quality indicators. All 3 satellite products present moderate agreements
with the reference precipitation and simulation; CMORPH presenting the best overall perfor-
mance followed closely by TMPA, and PERSIANN presenting a comparatively inferior perfor-
mance in terms of correlation, root-mean-square error and bias for streamflow and water quality
indicators, such as TW, TSS, DO and BOD concentrations.

1. Introduction

The performance of both lumped and distributed hydrologic models is significantly influenced by a number of factors that contribute to
uncertainty, e.g., observation errors, boundary or initial conditions errors, model or system errors, scale discrepancies, and unknown
heterogeneity of parameters. Nevertheless, precipitation is widely accepted as the most influential meteorological input in hydrological
and water quality investigations. Reliable and consistent hydrologic predictions for water quantity and quality depend on the accurate
measurement of precipitation. The accuracy of precipitation data, including its intensity, duration, spatial patterns, and extent greatly
influences the output of land surface and hydrologic models (Maggioni et al., 2013; Sorooshian et al., 2011; Zeng et al., 2018).

https://doi.org/10.1016/j.ejrh.2019.100630
Received 17 June 2019; Received in revised form 6 September 2019; Accepted 19 September 2019

⁎ Corresponding author.
E-mail addresses: jsolakia@gmu.edu (J. Solakian), vmaggion@gmu.edu (V. Maggioni), adlodhi@vt.edu (A. Lodhi), agodrej@vt.edu (A. Godrej).

Journal of Hydrology: Regional Studies 26 (2019) 100630

Available online 01 October 2019
2214-5818/ © 2019 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/BY-NC-ND/4.0/).

T

http://www.sciencedirect.com/science/journal/22145818
https://www.elsevier.com/locate/ejrh
https://doi.org/10.1016/j.ejrh.2019.100630
https://doi.org/10.1016/j.ejrh.2019.100630
mailto:jsolakia@gmu.edu
mailto:vmaggion@gmu.edu
mailto:adlodhi@vt.edu
mailto:agodrej@vt.edu
https://doi.org/10.1016/j.ejrh.2019.100630
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejrh.2019.100630&domain=pdf


Due to the lack of ground-based monitoring systems and rain gauge networks, large scale hydrologic models often rely on
remotely-sensed precipitation data from satellite sensors (Maggioni and Massari, 2018). Precipitation, whether from rain gauges or
satellites, is characterized by spatial and temporal variability as well as measurement errors. Although ground-based instrument
networks, including rain gauges and radars, represent the most direct surface rainfall measurements and often provide measurements
with high temporal frequency, there are many limitations with these systems. Not only are gauges restricted by point-scale ob-
servations, but they are also subject to false readings due to wind effects and evaporation. In addition to measurement errors, spatial
interpolation of point-based observations adds uncertainty to the resulting gridded precipitation datasets (Habib et al., 2012a; Li
et al., 2008; Maggioni et al., 2016; McMillan et al., 2011). The spatial distribution and density of gauges play important roles in the
adequacy of measurement. A number of studies found that hydrologic model uncertainty is greatly impacted by sparse and irregular
rain gauge networks and that uncertainty is reduced by increasing gauge density, or by optimizing the distribution pattern (Bardossy
and Das, 2008; Girons Lopez et al., 2015; Moulin et al., 2009; Maggioni et al., 2017; Zeng et al., 2018). Conversely, ground-based
radar networks often provide continuous spatial coverage with high spatial and temporal resolution, but they are also limited in
accuracy by attenuation and extinction of signal, surface backscatter, brightband effects, and uncertainty of the reflectivity-rain-rate
relationship (Anagnostou et al., 2010; Habib et al., 2012a; Porcacchia et al., 2017). In addition to being limited in accuracy, both
ground-based gauges and radars are often inadequate due to sparse availability, especially outside of the United States.

Satellite-based precipitation products (SPPs) offer a viable alternative to ground-based data through continuous monitoring of
precipitation with greater spatial coverage. Over the past twenty years several studies have compared SPPs to in-situ ground ob-
servations, evaluating the use of SPPs as a resource in hydrologic modeling. Nijssen and Lettenmaier (2004) noted that major sources
of satellite-based precipitation uncertainty arise from algorithmic miscalculations, as well as instrumentation and sampling errors.
Hydrological modeling using SPPs as forcing input, particularly for simulations in large, complex watersheds involving hetero-
geneous land use (influencing soil moisture fluctuations and evaporation) and significant terrain changes, is not always adequate
(Mei et al., 2014a, 2014b; Milewski et al., 2015; Seyyedi et al., 2015; Yang and Luo, 2014). For instance, SPPs often show an
elevation-dependent bias with an underestimation of light precipitation at higher elevations (Maggioni et al., 2016). Mei et al.
(2016); Villarini et al. (2011), and Xu et al. (2014) found that the accuracy of hydrologic model simulations from SPPs is impacted
not only by product resolution but also by storm severity and basin scale, where the most accurate simulation of hydrologic models
using SPPs is when a combination of moderate precipitation magnitudes, finer product spatial resolutions, and larger basin scales are
associated with the model.

Aside from the 3 principal measurement sources used to determine precipitation (ground-based gauge observations, ground-based
radars, and satellite remote sensing), precipitation estimates can be obtained from atmospheric retrospective-analysis models (Beck
et al., 2017). Two of the most widely accepted atmospheric reanalysis datasets with long-term coverage are (i) the European Centre
for Medium Range Weather Forecasts (ECMWF) ERA-Interim, a dataset that uses a 4-dimensional variational analysis, a revised
humidity analysis, and variational bias correction for satellite data (Berrisford et al., 2011) and (ii) NASA’s Modern Era Retrospective-
analysis for Research and Applications (MERRA) (Rienecker et al., 2011). Moreover, there are products that combine a set of data
from multiple methods (models and observations) and/or instruments (ground- and satellite-based). For instance, the Multi-Source
Weighted-Ensemble Precipitation (MSWEP) is a fully global dataset from 1979 to 2017 at 3 -h and 0.1° temporal and spatial scales,
respectively. This dataset uses various gauge, satellite, and reanalysis data to provide precipitation estimates globally (Beck et al.,
2017). Though re-analysis datasets and blended products have the potential for providing good quality precipitation estimates (Beck
et al., 2017; Duque-Gardeazábal et al., 2018; Ma et al., 2018), these products were not considered in this study since the use of
blended products would not allow for the differentiation of results among instruments and algorithms.

A plethora of research has been conducted over the past 2 decades on the use of remote sensing products for hydrologic model
simulation and predictions intended for flood forecasting, riverine modeling, and climate studies in complex terrains (Gebregiorgis
and Hossain, 2013; Hussain et al., 2018; Mei et al., 2016; Sharifi et al., 2018) and across various climatic regions (Bitew et al., 2012;
Guo and Liu, 2016; Guo et al., 2015; Milewski et al., 2015; Verdin et al., 2016). Where current research falls short is the application of
SPP data in hydrologic models specifically aimed at simulating and forecasting water quality.

It is well understood that the intensity, frequency, and duration of precipitation have significant and direct impacts on runoff
quantity and thus streamflow. In turn, precipitation is also a major driver of water quality. A number of studies evaluating and
quantifying predictions of stream water quality has demonstrated that spatial-temporal variations of water quality is strongly de-
pendent on the spatial and temporal scales of analysis (Barakat et al., 2016; Bengraın̈e and Marhaba, 2003; Chang, 2008; Jeznach
et al., 2017; Kang et al., 2010; Mei et al., 2014a, 2014b; Wang et al., 2011; Wunderlin et al., 2001; Xu et al., 2012). The relationship
between water quality indicators and streamflow has been investigated using both parametric (distribution-dependent) and non-
parametric (distribution-free) methods (Azhar et al., 2015; Barakat et al., 2016; Bu et al., 2010; Chang, 2008; Fovet et al., 2018;
Johnson et al., 2012; Jung et al., 2016; Kisi and Ay, 2014; Nóbrega et al., 2018; Noori et al., 2010; Soler et al., 2007; von Freyberg
et al., 2017). All of these past studies demonstrated a direct impact in water quality as it relates to streamflow.

This study fills this gap in the literature, by evaluating the performance of a hydrologic model, forced with 3 SPPs, in estimating
water quality indicators in the Occoquan Watershed, located in the northern Virginia suburbs of Washington D.C., United States. The
overarching purpose of this study is to determine the suitability of SPPs as a substitute for rain gauge precipitation data for simulating
selected water quality indicators. In this study, the satellite products are compared to the data collected by a dense rain gauge
network to determine their capability of (1) accurately characterizing the spatial and temporal variability of precipitation within the
study region, and (2) simulating water quantity and quality in the Occoquan Watershed. Section 2 describes the study area and the
data sets adopted in this work; Section 3 introduces the methodology; Section 4 presents and discusses the results; and Section 5
highlights the main conclusions, limitations, and future directions.
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2. Study area and data sets

2.1. Study area

The focus of this study is the Occoquan Watershed, a 1500 sq. km area located in suburban Washington, D.C., in the northern
portion of Virginia (Fig. 1). The watershed supplies water to 2 drinking water reservoirs: Lake Manassas and the run-of-the-river
Occoquan Reservoir, which are part of the drinking water supply to approximately 2 million residents. The area is urbanized with a
mix of suburban and urban land use and has mild topographic variation. The Occoquan Watershed is part of the Potomac River
Watershed, ultimately discharging into the Chesapeake Bay.

The Occoquan Watershed has been a major focus of regulatory oversight for the past 40 years due to the unprecedented growth of
the D.C. metropolitan area which resulted in a substantial increase in reclaimed domestic wastewater discharged to receiving waters
in the watershed, the closure of 11 marginally-functioning water reclamation facilities (WRFs), and the construction of a single state-
of-the-art WRF that currently receives wastewater from Prince William and Fairfax counties and the cities of Manassas and Manassas
Park, and discharges to 1 of the 2 tributaries (Bull Run) of the Occoquan Reservoir. Since 1973 the Virginia Tech Occoquan
Watershed Monitoring Laboratory has monitored the watershed through data acquisition from a network of rain gauges, meteor-
ological stations and stream monitoring stations. Precipitation, streamflow and several indicators of water quality have been mea-
sured continuously throughout the watershed using automated rain gauges and steam monitoring stations, shown in Fig. 1 as blue
dots and black squares, respectively. Some of the rain gauges were available online in the 2000-01 period. During the course of this
study period (2008–2012), data were available from all stations presented in Fig. 1.

The Occoquan Watershed Monitoring Laboratory has also been using the U.S. Environmental Protection Agency’s (EPA)
Hydrologic Simulation Program FORTRAN (HSPF) model to simulate the hydrology, nonpoint source runoff, and water quality of the
watershed (described in detail in Section 3.1). The model delineates 87 segments within the 7 catchments of the Occoquan Wa-
tershed, as depicted in Fig. 2. The two reservoirs—Lake Manassas and Occoquan Reservoirs—are simulated using the U.S. Army
Corps of Engineers’ developed 2-dimensional hydrodynamic and water quality model CE-QUAL-W2, but are not included in this study
as they contribute very little to the water budget, except for the rain that falls directly on the reservoir water surfaces. The study
period of 2008–2012 was chosen because the latest Occoquan model addresses that period. Land use in the watershed is updated
every 5 years, the point at which the model is updated. At the time of this study, the 2008–2012 model, based on the 2010 land use,
consisted of the latest available data.

2.2. Precipitation data

Ground-based precipitation observations are obtained from a network of 15 tipping bucket rain gauges, independently operated
by the Occoquan Watershed Monitoring Laboratory, located within or approximate to the Occoquan Watershed (Fig. 1). The quality-

Fig. 1. Map of the study area showing the watershed boundary, topography, major streams, major waterbodies, and locations of stream monitoring
stations and rain gauges.
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controlled gauges collect precipitation measurements in increments of 0.254mm (0.01 in.) by recording the time of occurrence of
successive tips logged hourly throughout the 5-year temporal span of this study (2008–2012). While ground-based gauge observa-
tions are widely accepted as providing the most accurate method for precipitation measurement, tipping buckets have been known to
experience significant levels of error at low rainfall intensities (Habib et al., 2012b) and may be sensitive to ground vibrations, wind
effects, and orifice opening size. The density of gauges is also important when capturing variability of rainfall at fine temporal scales,
for extreme events, or over complex terrain (Kidd et al., 2017). Additionally, many gauges are typically not able to measure snowfall
accurately and therefore may underestimate the corresponding liquid precipitation equivalent (Rasmussen et al., 2012).

Alternatively, SPPs are used to estimate precipitation quasi-globally using a combination of remotely sensed microwave and
infrared sensors. Here we adopt 3 of the most widely used SPPs: (1) the National Aeronautics and Space Administration (NASA)
Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) (Huffman et al., 2010); (2) the U.S.
National Oceanic Atmospheric Administration (NOAA) Climate Prediction Center’s (CPC) morphing technique (CMORPH) (Joyce
et al., 2004); and (3) the Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN)-
Cloud Classification System (CCS) (Hsu et al., 2010). This study compares these 3 SPPs of varying spatial and temporal resolutions as
forcing inputs of the hydrologic model to simulate water quality in the Occoquan Watershed. The main characteristics of precipitation
products used in this study are summarized in Table 1.

The TRMM satellite mission was launched in 1997 and ceased in 2015. During that time TRMM-based products provided rainfall
rates over the tropics and subtropics between 50 °N-50 °S (Huffman et al., 2007, 2010). Specifically, the TMPA algorithm combines
both infrared and microwave sensor data to produce precipitation products with a spatial resolution of 0.25° and a temporal re-
solution of 3 h in both real-time and latent calibrated versions (3B42-RT and 3B42-V7, respectively). This study uses the bias-adjusted
3B42-V7 product, which will be herein referred to as TMPA.

The CMORPH algorithm produces global precipitation analyses at high-resolutions using precipitation estimates derived ex-
clusively from low orbiter satellite microwave observations transported via spatial propagation information obtained from geosta-
tionary satellite data (Joyce et al., 2004). CMORPH interpolates precipitation features between consecutive microwave sensor

Fig. 2. Cumulative precipitation (mm) for each segment recorded by rain gauges during the 5-year study period including the delineation of 7
catchments and 87 segments, and the locations of study evaluation points.
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samples aboard multiple spacecrafts. Product data cover the 60 °N-60 °S area over a period of record from December 2002 to present-
day. Data used in this study are reprocessed and the bias corrected at a spatial resolution of ∼8 km (exactly 8 km at equator/0.07°)
and a 30-minute temporal frequency. Bias correction is performed by matching CMORPH raw data against the CPC daily gauge
analysis over land (Xie et al., 2017).

PERSIANN−CCS, first released in 2003, is an algorithm based on infrared brightness temperature that extracts cloud features
from a number of geostationary satellites operated by several agencies covering an area between 60 °N and 60 °S (Hong et al., 2007;
Hsu et al., 1997; Sorooshian et al., 2000). Precipitation estimates are assigned using infrared cloud images from segmented cloud
features such as statistics, textures, and geometry at brightness temperature thresholds. This information is used to obtain a re-
lationship between brightness temperature and rainfall rates. The PERSIANN−CCS algorithm uses gauge-corrected radar hourly
rainfall data to calibrate cloud-top brightness temperature and rainfall relationships for the classified cloud groups in order to
estimate precipitation (Hong et al., 2007). PERSIANN−CCS (hereafter called PERSIANN) is available at a spatial resolution of 0.04°
and a 30-minute temporal frequency.

Gauge observations are interpolated to each of the 87 segments in the watershed using the nearest-neighbor method. Cumulative
precipitation of the interpolated gauge data during the study period is shown in Fig. 2 for each segment of the Occoquan Watershed.
Fourteen (14) of the 15 rain gauges across the study area provide hourly records; however, 1 gauge (LRTN 150), located at the
downstream extents of the watershed, collects records at a daily scale. The observations from this gauge are used as precipitation
input to 6 segments (S54, S60-S63, and S78) located in the Occoquan catchment. Daily records collected at LRTN 150 are dis-
aggregated to hourly values for input into the HSPF model. The percentage of missing records provided in Table 1 does not include
missing hourly records for gauge LRTN 150.

The SPPs are processed by spatially averaging all pixels falling within the boundaries of each watershed segment. Since each
satellite precipitation product is provided in a different temporal resolution, all satellite data matched to the hourly temporal scale.
The spatially interpolated gauge data and spatially averaged satellite products at the hourly scale are used as input to the HSPF model
to simulate streamflow and water quality indicators (discussed in Section 3.3). Since the Occoquan HSPF model output is set to output
at a daily scale, precipitation data is subsequently aggregated to daily values for comparison of the SPPs (input data and output
results) to the gauge-based data (Section 3.2).

2.3. Stream monitoring stations

Streamflow, stream stage, and water quality are measured at 8 stations across the watershed. Flow and stream stage are con-
tinuously measured by automated equipment including a Sutron datalogger and flow meter. Flow and stage are continuously
measured and recorded on an hourly basis provided there is no change. When there is a change in flow, such as during storm events,
flow and stage are recorded every 15min until streamflow and stage are normalized (Xu et al., 2007). Water quality samples for
baseflow conditions are typically obtained once each week, and storm samples are composited in the field using an automated
sampler paced to sample equal aliquots for equal volume of flow that passes the sampling point, then adding these to a compositing
bottle. Water quality parameters including stream temperature (TW), concentrations of total suspended solids (TSS), orthophosphate
phosphorus (OP), ammonium nitrogen (NH4-N), nitrate-nitrogen (NO3-N), dissolved oxygen (DO), biochemical oxygen demand
(BOD), and total organic carbon (TOC) are obtained for all samples. Observed information at the 8 stations is used to calibrate and
validate the hydrologic and water quality model analyzing the Occoquan Watershed. While data from 8 stations are used for model
calibration and validation, this study analyzes results from 3 monitoring stations (ST25, ST60, and ST70) specifically for streamflow,
TW, TSS, DO, and BOD, which is discussed in detail in Section 3 and 4.

3. Methodology

The first step in this study is to compare each SPP (TMPA, CMORPH, and PERSIANN) to the dense rain gauge network in the
Occoquan Watershed in order to identify differences among the satellite products in the region. Then, the hydrologic model is forced
with each satellite product and the traditional rain gauge dataset at the hourly scale to simulate streamflow and water quality
indicators in the watershed during the 5-year study period (2008–2012). Model outputs are evaluated by comparing the results of
daily simulated streamflow and selected water quality indicators from the 3 SPP simulations to that of the reference model simulation
forced with rain gauge-based records.

Table 1
Characteristics of precipitation products used in study, including the percentage of missing records during the study period (2008–2012).

Spatial Resolution Temporal Resolution Domain Coverage # Pixels/ Points Covering Study Area Missing Records

TMPA 3B42V7 0.25° 3 hour 50 °N – 50 °S 6 0.01%
CMORPH 0.07° 30 min 60 °N – 60 °S 48 0.35%
PERSIANN-CCS 0.04° 30 min 60 °N – 60 °S 133 0.48%
Rain Gauge Network Point-source 1 hour Watershed 15 gauges < 0.01%
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3.1. Hydrological model

The HSPF conceptional lumped hydrological model, developed by the Occoquan Watershed Monitoring Laboratory, is designed to
simulate various hydrological processes and associated water quality components in the Occoquan Watershed (Xu et al., 2007). The
model is updated every 5 years with current land use information classified into 14 land use categories based on impervious coverage
and soil properties obtained from the Northern Virginia Regional Commission and is modeled in 5-year increments with in-situ
meteorological data: air temperature, cloud cover, dew point temperature, wind speed, solar radiation, potential evapotranspiration,
and precipitation. Air temperature, cloud cover, dew point temperature, wind speed, and solar radiation are all directly measured at
the National Oceanic and Atmospheric Administration (NOAA) weather station located at the Washington Dulles International
Airport (Dulles station) approximately 27 km from the centroid of the Occoquan Watershed. Hourly readings of the aforementioned
data from this station are applied to the model each hour as 1 uniform input to the entire watershed for those parameters. Since a
direct measurement of potential evapotranspiration is not available from the Dulles meteorological station used in this study, po-
tential evapotranspiration was calculated from the modified Penman Pan empirical method using air temperature, dew point tem-
perature, wind movement, and solar radiation obtained from the Dulles station. The temporal and spatial resolution of the retrieved
land use data and all meteorological data (i.e., air temperature, cloud cover, dew point temperature, wind speed, solar radiation, and
potential evapotranspiration), aside from precipitation, are consistently maintained and are not altered in any way during model
simulations. Precipitation input is retrieved on an hourly basis from the 15 rain gauges within or in proximity to the watershed
boundaries. Although neither an evaluation of the parameter input, including land use and meteorological data, nor a validation of
the long-established HSPF hydrology model, is within the scope of this study, a brief description of the model’s setup is described
herein. For additional details of model setup and execution, we refer the reader to Xu (2005, 2007) and Maldonado and Moglen
(2012).

Precipitation input is retrieved and inputted for each segment from the nearest-neighbor rain gauge, while all other meteor-
ological data used in the model (air temperature, cloud cover, dew point temperature, solar radiation, wind speed, and wind di-
rection) are applied consistently throughout all 87 segments. During certain periods of this 5-year study, rain gauge observations are
not recorded at various gauges. Missing precipitation records are interpolated since the HSPF model requires continuous precipitation
input. For missing gauge records, a standardized procedure is employed to estimate the discrete hourly values based on the spatial
and temporal infilling strategy outlined by Xu (2005). A similar infilling strategy is applied to missing precipitation data for TMPA,
CMORPH, and PERSIANN during the study period. Using similar procedures outlined in multiple meteorological infilling studies
(Hema and Kant, 2017; Kim and Ryu, 2015; Lee and Kang, 2015) and recommended by the U.S. EPA (2000), meteorological data gaps
are classified into categories based on gap duration. For gaps up to 4 h, temporal linear interpolation is applied. For gaps greater than
4 h, a combination of temporal linear interpolation and nearest-neighbor pixel value is utilized. Precipitation input from each satellite
product is then aggregated for each segment.

The watershed is comprised of 87 segments within distinct 7 catchments (Table 2, Fig. 2). Each of the 7 catchments has a separate
HSPF model that is linked to create the overall watershed model. The HSPF model used in this analysis is deterministically calibrated
and validated between simulated gauge-based results and observed data over a 5-year period from January 1, 2008 to December 31,
2012. While HSPF is able to produce output results as low as 15-minute increments (which is the increment flow data are recorded
and used for model input), the Occoquan HSPF model is set to output results using a daily scale. The daily scale is used to minimize
the impacts of timing errors often found using lower increment outputs since HSPF is prone to timing errors, such as under- or over-
predicting when an event starts and/or stops. Each catchment HSPF model is calibrated and validated prior to linking into the
adjoining downstream model. Eight (8) stream monitoring stations throughout the watershed that collect streamflow, stream stage,
and water quality constituents are used to calibrate the HSPF model. The model is first calibrated on both daily and monthly
streamflow by comparing simulated flows from gauge records with observed data from stream monitoring stations during the first 2
years of the study period (2008–2009). Results of the simulated model are then validated for an independent period (2010–2012).
The model provides output for streamflow and water quality indicators including TW, TSS, OP, TP, NH4-N, NO3-N, TN, DO, BOD, and
TOC. Next, the model is calibrated for TSS, TW, OP, NH4-N, and NO3-N based on monthly and yearly loads to that of observed in-
stream data.

The HSPF model is used to simulate streamflow and select water quality indicators at 6 designated evaluation points in the
Occoquan Watershed. These 6 locations are located within 3 distinct catchments (Cedar Run, Upper Broad Run, and Upper Bull Run),
which capture runoff from a number of segments of varying size, land use, and topography (Table 2, Fig. 2). Of the 6 model
evaluation points, 3 points (S47/ST25, S79/ST60, and S86/ST70) are equipped with stream monitoring stations, which are also used

Table 2
Drainage areas associated with model simulated evaluation points.

Evaluation Point Catchment Drainage Area (km2)

S27 Segment 27 of Upper Bull Run 17.81
S79/ST60 Upper Portion of Upper Bull Run 63.63
S86/ST70 Upper Broad Run 126.44
S26 Upper Bull Run (excl. Seg 27) 186.24
S47/ST25 Upper Portion of Cedar Run 394.26
S34 Cedar Run 498.42
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in the original model calibration/validation process. The streamflow error analysis performed with respect to in-stream observations
reveal a well calibrated model at each of the 3 observation locations (S47/ST25, S79/ST60, and S86/ST70). Error analyses of TW and
DO at a daily scale and TSS at a monthly scale also show good model skills at the 3 locations (Table 3) in terms of Nash-Sutcliffe
Efficiency (NSE), relative bias (rB), and root-mean-square error (RMSE) (Eqs. (1)–(3)). Optimal values of NSE, rB, and MSE are 1, 0,
and 0, respectively.
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Where n is the total number of events, Qoi is the ith observed streamflow or water quality indicator value, Qsi is the ith simulated
satellite-based streamflow or water quality indicator value, Q̄ is the corresponding mean value and n is the number of values. NSE is
dimensionless whereas RMSE is provided in respective units (m3/s, °C, mg/l) and rB is a percentage.

The model is next forced with precipitation data from each of the 3 SPPs to simulate streamflow and water quality at the 6
evaluation points.

3.2. Precipitation analysis

As previously discussed, hourly precipitation data were areal-weighted and segment-aggregated (AWSA) for input into the model.
The hourly data were then aggregated to the daily scale for comparison with the ground observations. Precipitation was evaluated at
the daily scale for consistency with the daily model output results. Several metrics are considered to quantify the performance of
SPPSs: RMSE, Pearson correlation coefficient (PCC), Standard deviation (σ), and bias (B). The RMSE, a measure of the differences
between SPP and observed (gauge) values, combines the magnitude of errors in the estimation over time into a single measure of
error. The PCC is the average product of the deviation of variables from their respective means, divided by the standard deviation of
those variables. Standard deviation is used to quantify the amount of variation in the data set. B measures the average tendency of
satellite data to either overestimate or underestimate the gauge measurements, whereas rB evaluates the relative difference in
percentage between the estimated and the observed data. Optimum values of PCC, σ, and B are 1, 0, and 0, respectively. The
definitions of the statistical metrics are provided in Eqs. (3)–(6).
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Where n is the total number of events, Poi is the ith observed rain gauge precipitation or observed streamflow and Psi is the ith
simulated satellite precipitation or simulated streamflow, P̄ is the corresponding mean value. PCC is dimensionless whereas σ and B
are in mm/d. The RMSE, PCC, and σ are summarized using a Taylor diagram (Taylor, 2001), which shows the overall skill associated
with each SPP in relation to the gauge-based dataset (Section 4.1).

Probability of detection (POD), false alarm rate (FAR), and critical success index (CSI) are used to assess the detection capability
of each SPP based on the AWSA daily precipitation. POD corresponds to the ratio of correct detection of the SPP to the overall

Table 3
Error statistics of calibrated individual catchment-based HSPF models at 3 model evaluation points (S47/ST25, S86/ST70 and S79/ST60) for
streamflow and select water quality indicators (TW, TSS, and DO).

S47/ST25 S79/ST60 S86/ST70

NSE RMSE rB (%) NSE RMSE rB (%) NSE RMSE rB (%)

Daily streamflow (m3/s) 0.70 0.55 −5.19 0.79 0.46 −6.14 0.77 0.48 −0.88
Monthly streamflow (m3/s) 0.79 0.46 −4.94 0.84 0.40 −6.14 0.80 0.44 −3.31
Daily TW (°C) 0.92 0.28 −0.37 0.85 0.39 −0.73 – – –
Daily DO (mg/l) −1.35 1.53 11.96 0.56 0.66 −2.03 0.61 0.63 2.26
Monthly TSS (mg/l) 0.62 0.61 10.81 0.74 0.51 −2.17 0.75 0.50 −5.85
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occurrence of precipitation observed. Conversely, FAR indicates the number of cases when precipitation is estimated by SPP;
however, no precipitation is observed. CSI is a measure of events successfully detected by the SPP to the total number of events
observed that are either made or needed (Schaefer, 1990). These metrics all range from 0 to 1, with the accuracy of the SPP increasing
as the FAR approaches 0 and the POD and CSI approach 1. Optimum values of POD, FAR, and CSI are 1, 0, and 1, respectively. For
this study, the precipitation threshold is set to 0.254mm/day, which is the threshold of the rain gauges. POD, FAR, and CSI are
calculated using Eqs. (7)–(9), where hits, misses and false alarms represent the total number of SPP observations that either correctly
detect an event, miss, an event, or incorrectly detect an event, respectively, in relation to the gauge observation.

=
+

POD Hits
Hits Misses (7)

=
+

FAR False alarms
Hits False alarms (8)

=
+ +

CSI Hits
Hits False alarms Misses (9)

Detection metrics are summarized using a performance diagram (Roebber, 2009) that presents the POD, success ratio (1-FAR), CSI
and B associated with each SPP in relation to gauge-based data for the 5-year study period (Section 4.1).

3.3. Streamflow and water quality analysis

It is well understood that there is a direct relationship between precipitation and streamflow. Research has also shown a sig-
nificant and quantifiable correlation between atmospheric conditions and water quality indicator response (Chang et al., 2015; Gelca
et al., 2016; Jeznach et al., 2017; Johnson et al., 2012; Murdoch et al., 2000; Soler et al., 2007; Thorne and Fenner, 2011). Water
quality analysis for this study focuses on TW, TSS, DO and BOD. By definition TSS are particles that are larger than 2 μm whereas
anything smaller than 2 μm is typically considered a dissolved solid. Since TSS is a specific measurement of all suspended solids,
organic and inorganic, by mass, it is a good representation of the total sedimentation rate of a watershed. TSS is both a visible and
quantifiable indicator of overall water quality in a waterbody and therefore is selected for further evaluation in this study. DO is the
measurement of gaseous oxygen dissolved in an aqueous solution which results from diffusion, by aeration, and as a product of
photosynthesis. DO is an important indicator, determining the health and quality of a waterbody for its ability to support life.
Similarly, BOD is the amount of DO needed by aerobic organisms to break down organic matter.

Three (3) statistical metrics (PCC, RMSE, and B) are used to evaluate the performance of the model in simulating streamflow and
the 4 water quality indicators. The model simulation forced with rain gauge observations is used as a benchmark to assess the
performance of the simulations forced with the 3 different SPPs. Uncertainties are quantified for simulated streamflow and selected
water quality indicators at 6 evaluation points (S26, S27, S34, S47/ST25, S79/ST60, and S86/ST70) of varying drainage area within
the watershed, discussed in detail in Section 4.2.

4. Results and discussion

4.1. Evaluation of satellite-based precipitation products

Fig. 3 presents the spatial distribution of cumulative precipitation over the 5-year study period for each SPP at their original pixel
resolutions (left panels) and their corresponding areal-weighted value for each segment in the watershed. Foremost, Fig. 3 highlights
the degree of detail for which each precipitation product is available (i.e., a total of 6, 48, and 133 precipitation values for TMPA,
CMORPH and PERSIANN, respectively). In terms of cumulative precipitation within the watershed during the 5-year study period,
the gauges recorded 4909mm on average, whereas TMPA, CMORPH, and PERSIANN resulted in 5298mm, 5267mm, and 5834mm,
respectively, therefore PERSIANN showing the largest overestimation with respect to the reference dataset. TMPA shows the overall
lowest variability of precipitation values, which can be attributed to its coarse spatial resolution and consequent low representa-
tiveness of the local precipitation distribution (only 6 pixels covering the entire watershed).

The SPPs are compared to gauge observations for all 87 segments of the watershed. This comparison is based on the interpolated
and aggregated AWSAs rather than a pixel-to-point comparison, since the main focus of this study is to assess the impact of using
different precipitation forcing datasets on simulating streamflow and water quality indicators in the watershed. AWSA satellite
precipitation records aggregated to daily values are compared to daily aggregated gauge-based records. RMSE, PCC, and σ are
calculated and plotted in a Taylor diagram to assess the performance of each SPP with respect to the gauged-based data (Fig. 4a). For
the 3 products, correlation coefficients are concentrated between 0.26 and 0.60 and RMSEs range from 7.25 to 9.17mm/day. The
standard deviations of both TMPA and CMORPH are 8.08mm/day, which is most likely due to the fact that these products use very
similar input retrieval data in their algorithms. The standard deviation of PERSIANN, however, is lower (6.90mm/day), which may
be due to the fact that PERSIANN only uses one source (infrared) of observation data, whereas TMPA and CMORPH use both passive
microwave and infrared observations. The best overall performance is from the CMORPH product, followed closely by TMPA.
PERSIANN shows overall relatively inferior performance with low correlation values against gauge-based records. While both TMPA
and CMORPH show good agreement with gauge-based records, both products overestimate precipitation magnitude (rB=20.6% and
13.0%, respectively).

J. Solakian, et al. Journal of Hydrology: Regional Studies 26 (2019) 100630

8



Fig. 3. 5-year cumulative precipitation over the satellite grid (left panels) and aggregated for each segment in the Occoquan Watershed (right
panels) for (a) TMPA, (b) CMORPH, and (c) PERSIANN.
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The Performance diagram (Fig. 4b) suggests that both TMPA and CMORPH have lower false alarm rates (0.30 and 0.33, re-
spectively) compared to PERSIANN, which exhibits a false alarm rate of 0.46. However, PERSIANN presents a higher probability of
detection at 0.71 compared to TMPA (0.57) and CMORPH (0.68), respectively. B is relatively low for both TMPA and CMORPH at
0.51 and 0.39mm/d, respectively, while PERSIANN has a slightly higher bias of 0.70mm/d. TMPA and CMORPH exhibit similar
performances, whereas simulation results derived from PERSIANN are quite different and show larger error metrics. This is most
likely due to the fact that CMORPH and TMPA merge observations from passive microwave and infrared sensors, whereas PERSIANN
only uses infrared observations.

Our results corroborate what was previously observed in the scientific literature. As summarized by Maggioni et al. (2016), mean
errors and detection capabilities of satellite precipitation estimation vary across precipitation products and different regions of the
world. A positive bias and season-dependent magnitude are reported over the contiguous United States for both CMORPH and
PERSIANN-CSS. TMPA 3B42 is reported as having the lowest bias when compared to other satellite datasets. Furthermore, TMPA
3B42 exhibits a low probability of detection and low false alarm rate, whereas CMORPH has a higher probability of detection and also
a larger number of false alarms. PERSIANN has both the highest false alarm rate and highest probability of detection compared to
other products (Ebert et al., 2007; Yang and Luo, 2014). Results of this study validate that PERSIANN has the highest false alarm rate
and probability of detection compared to TMPA and CMORPH within this study region.

4.2. Evaluation of simulated streamflow and water quality indicators

This section assesses the skills (PCC, RMSE, and B) of the complex-linked HSPF model of the Occoquan Watershed in terms of both
streamflow and water quality indicators (TW, TSS, DO, and BOD). Specifically, we evaluate the simulations forced with the 3
different SPPs (TMPA, CMORPH, and PERSIANN) with respect to the reference run forced with gauge-based precipitation data. Aside
from altering precipitation input, no other inputs, parameters, or model boundary conditions are modified in this experiment. Each of
the 7 catchments that comprise the watershed are fairly uniform in topography, soil characteristics, and land use conditions;
therefore, it is expected that these conditions will not have a significant impact to the uncertainty analysis based on drainage area size
between SPPs and gauge-based simulations. The goal of this analysis is to quantify uncertainties in simulated streamflow and selected
water quality variables at the 6 evaluation points (S26, S27, S34, S47/ST25, S79/ST60, and S86/ST70) in the watershed. These
locations are chosen based on the representative basin scale ranging between 17.8 km2 and 498.8 km2 (refer to Table 2).

Fig. 5 shows that, for streamflow, CMORPH outperforms TMPA and PERSIANN in terms of all skill metrics. When compared to the
gauge-forced simulation, CMORPH presents the highest correlation at all evaluation points with PCCs ranging from 0.47 to 0.75,
nominally increasing as area increases, with a few exceptions. These exceptions are most likely due to differences in the hourly
precipitation records of CMORPH, as well as TMPA and PERSIANN, in comparison to the rain gauge records in the Upper Broad Run
catchment draining to S86/ST70. B and RMSE associated with streamflow also increase as area increases, with CMORPH marginally
outperforming TMPA. PERSIANN shows the worst overall skill consistently for all basin scales. All 3 products overestimate daily
streamflow in comparison to gauge-simulated streamflow, which is also observed in the precipitation analysis presented in Section
4.1. The increase of B and RMSE based on basin scale is expected since the streamflow, both simulated and observed at these points,
increases and generates the potential for greater residuals.

In HSPF, most water quality variables are highly dependent on precipitation and its associated sediment and water flows, i.e.,
sediment loading and overland runoff flow (Duda et al., 2012). Satellite-based simulations of TSS showed the lowest skill among the

Fig. 4. (a) Taylor diagram and (b) Performance diagram of segment-aggregated daily precipitation between gauge-based observation and SPPs
during 2008–2012.

J. Solakian, et al. Journal of Hydrology: Regional Studies 26 (2019) 100630

10



Fig. 5. Error plots by segment drainage area for daily records of (a) streamflow, (b) TSS (c) TW, (d) DO, and (e) BOD between gauge-based records
and SPPs during the 2008–2012 study period.
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water quality indicators evaluated in this study. Again, CMORPH showed the best performance among the SPPs, outperforming both
TMPA and PERSIANN. PCC ranged from 0.20 to 0.66, 0.29 to 0.75, and 0.04 to 0.40 for TMPA, CMORPH, and PERSIANN, re-
spectively. The lowest PCCs for all 3 products are at point S86/ST70, which also corresponds to the lower skill detected in the
simulated streamflow. Each SPP overestimates TSS, with the exception of TMPA at point S47/ST25, though both TMPA and
CMORPH, with a B of -2.4 to 5.8 m3/s, and 0.46 to 4.9 m3/s, respectively, have a considerably lower B than PERSIANN, which ranges
between 2.3 and 15.8m3/s. For TSS, the basin extent seems to play a factor, showing generally decreasing PCC and increasing B and
RMSE trends, as the drainage area increases. HSPF predicts sediment loading rates based on channel processes of deposition, scour,
and transport that in turn determine both the total sediment load and outflow sediment concentrations in streamflow (Duda et al.,
2012). Land use and soil type in the model are the major drivers for sediment load, calculated as total sediment for simulation of in-
stream processes. Since land use is constant between the gauge-based and satellite-based simulations, there is no uncertainty or error
associated with that input parameter. Therefore, precipitation, and consequently streamflow, is the major driver for TSS con-
centration differences presented in this analysis.

Simulated in-stream water temperature (TW) is well captured by all 3 SPP simulations with high correlations, ranging from 0.97
to 1.0, low biases, ranging from -0.21 to 0.24 °C, and low RMSEs, ranging from 3.3 to 9.9 °C. While stream temperature is impacted by
precipitation, and thus streamflow, it is most closely correlated to ambient air temperature and therefore shows the lowest variation
and highest skills among all output variables evaluated in this study. Generally, all 3 SPPs slightly underestimate TW, with a B of
-0.16 to -0.06 °C for TMPA, 0.17 to 0.05 °C for CMORPH, and -0.21 to 0.03 °C for PERSIANN. Among all 6 evaluation points, only
S86/ST70 overestimates TW consistently among all 3 products (0.00, 0.05 and 0.24 °C, respectively for TMPA, CMORPH, and
PERSIANN), though CMORPH also overestimates TW at S34 and PERSIANN at S47.

Both DO and BOD show a large spatial variability among the 3 catchments having separate but interlinked HSPF models. PCC for
DO is relatively high, ranging from 0.86 to 0.99, 0.83 to 0.99, and 0.78 to 0.98 for TMPA, CMORPH, and PERSIANN, respectively, in
the Upper Bull Run and Upper Broad Run catchments. However, a decreasing skill for TMPA (0.60 and 0.78), CMORPH (0.62 and
0.75), and PERSIANN (0.63 and 0.74) in the Cedar Run catchment at locations (S47/ST25 and S34) is detected. Both B and RMSE
show similar results of increased error with increasing drainage area in the Cedar Run catchment. B for all 3 products ranged from
0.02 to 0.68mg/l, -0.01 to 0.76mg/l, and 0.02 to 1.16mg/l, for TMPA, CMORPH, and PERSIANN, respectively, while RMSE ranges
from 0.71 to 2.57mg/l, 0.69 to 2.60mg/l, and 0.73 to 3.03mg/l, for TMPA, CMORPH, and PERSIANN, respectively. In comparison to
streamflow and TSS, the variability in the DO metrics is notably smaller, indicating that precipitation has moderate impacts on DO
compared to other water quality indicators evaluated in this analysis.

Similar to DO, BOD has a satisfactory PCC in the Upper Bull Run catchment, but low PCC in the Cedar Run and Upper Board Run
catchments, especially when PERSIANN is used as input precipitation. The model performs well in terms of B and RMSE in the Upper
Bull Run and Upper Board Run catchments, but has low skill in the Cedar Run catchment (S47/ST25 and S34), with the exception of
TMPA, which outperforms both CMORPH and PERSIANN in this catchment.

4.3. Temporal analysis of simulated streamflow and water quality indicators

As shown in the previous section, the positive bias in the SPPs is propagated into simulated streamflow, but not in all the water
quality indicators. Here we analyze the temporal variability and seasonality of these variables. Fig. 6 shows time series of daily
precipitation, streamflow, and water quality indicators (TSS, TW, DO, and BOD) at evaluation point S27 (the smallest drainage area
among all areas considered in this study) for 1 year (2011) of the 5-year study. CMORPH and TMPA are able to decently capture the
timing of the streamflow peaks, but tend to underestimate some peaks. While peaks in streamflow generally coincide with pre-
cipitation, it is evident that precipitation during the summer months (June through August) does not directly translate into
streamflow. This may be due to a seasonal distribution within the model associated with an increased infiltration component. In
HSPF, precipitation runoff is divided into surface runoff and infiltration. Infiltration then comprises of interflow, upper zone soil
moisture storage, and percolation to lower zone soil moisture and groundwater storage. Within the HSPF model, increasing in-
filtration will reduce immediate surface runoff (including interflow) and increase the groundwater component, which is observed in
Fig. 6 during summer months. It is also evident from Fig. 6 that PERSIANN overestimates precipitation in January and February,
which is then rendered into an overestimation of both low and peak streamflow during cool months. Another factor impacting the
observed decrease in streamflow during summer months may be due to the fact that higher evapotranspiration rates are typically seen
in warmer months from increased ambient air temperature, which is sufficient to overcome the impact of increased humidity since
drier soil tends to have increased infiltration rates compared to moister soil.

There is a direct relationship between streamflow and TSS concentrations (mg/l), with peaks well represented in both TMPA and
CMORPH simulations. As with streamflow, TSS tends to be low throughout summer months aside from a few instances where intense
precipitation is captured and translated into stream peak flow. Because PERSIANN overestimates streamflow in winter months, it in
turn overestimates TSS concentrations during these months, since TSS is a flow-dependent variable, highly interrelated with
streamflow. In-stream temperature is naturally dependent on ambient air temperature conditions, showing higher values in summer
months and lower values in winter months. Aside from a few instances, all 3 SPPs follow the same TW trends as the gauge-based
simulation.

As expected, concentrations of DO follow an inverse pattern with respect to TW, lower during warmer seasons and higher during
cooler seasons. Simulated DO concentrations for all SPPs are fairly consistent with gauge-based simulations. Similar to gauge-based
simulations, a strong flux in concentrations of DO is seen in warmer months which overlaps with streamflow low-flow periods.
Comparatively, as shown in Fig. 6, it appears that PERSIANN displays the greatest number of daily fluctuations of BOD in comparison
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Fig. 6. Example daily time series for S27 during year 2011 of aggregated P (mm/d) and simulated streamflow (m3/s), TW (°C), (TSS (mg/l), DO
(mg/l) and BOD (mg/l) from gauge records, TMPA, CMORPH, and PERSIANN.
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to TMPA and CMORPH. This fluctuation is especially true during January and February, which is likely due to the overestimation of
precipitation during these months when compared to other products. Conversely, simulated BOD concentrations (mg/l) increase in
warmer periods and drop during cooler periods following patterns associated with TW, yet this indicator also appears to be influenced
by TSS concentrations during peak events.

5. Conclusions

This work investigated for the first time the potential of using SPPs for water quality monitoring and predictions. Three (3) SPPs
(TMPA, CMORPH, and PERSIANN) of different spatial resolutions are compared to gauge-based records over a 5-year period (January
2008 – December 2012) across the Occoquan Watershed. This study provides a comprehensive analysis of the errors associated with
streamflow and 4 water quality indicators (TW, TSS, DO, and BOD) simulated by forcing a hydrological model (the complexly-linked
HSPF) with the 3 SPPs. These simulations are compared to a reference run, forced with gauge-based observations. The major findings
of this research are summarized as follows:

• All 3 SPPs show moderate skill with respect to the daily gauge-based dataset. CMORPH shows the best overall performance,
followed closely by TMPA. PERSIANN shows overall relatively inferior performance with low correlation with the gauge-based
records. While both TMPA and CMORPH have good agreement with reference dataset, both products overestimate precipitation
magnitude (rB= 20.6% and 13.0%, respectively). In terms of cumulative precipitation during the 5-year study period, PERSIANN
shows the largest overestimation with respect to the gauges. TMPA shows the overall lowest variability, which can be attributed to
its coarse spatial resolution and consequent low representativeness of the local precipitation distribution (only 6 pixels covering
the entire watershed).
• Both TMPA and CMORPH present lower false alarm rates compared to PERSIANN across the Occoquan Watershed. However,
PERSIANN presents a higher probability of detection compared to the other 2 products, especially during winter months.
• Satellite-based simulations of streamflow show that CMORPH outperforms both TMPA, and PERSIANN when compared to the
reference simulation forced with gauge observations. CMORPH has the highest skill for daily streamflow across all evaluation
points with a PCC ranging from 0.47 to 0.75, nominally increasing as drainage area increases. CMORPH and TMPA are able to
capture the timing of the streamflow peaks well, but tend to underestimate some peaks. While peaks in streamflow generally
coincide with precipitation, it is evident that precipitation during the summer months (June through August) do not directly
translate to streamflow.
• Satellite-based simulations of TSS show the lowest skill among the water quality indicators evaluated in this study. CMORPH
shows the best performance among the SPPs, which generally all overestimate TSS, with a few exceptions. The seasonal analysis
confirms that peaks of TSS are fairly well represented for both TMPA and CMORPH simulations.
• Simulated in-stream water temperature is well captured by all 3 SPP simulations with high correlations, low biases, and low
RMSEs. While stream temperature is impacted by precipitation, and thus streamflow, it is most closely correlated to ambient air
temperature and therefore presents the lowest variation and highest skills among all output variables evaluated in this study.
• Both DO and BOD show a large spatial variability among the 3 catchments in this study. Skills of all 3 SPPs are high for DO in the
Upper Bull Run and Upper Broad Run catchments. However, a decreasing skill for each product is detected in the Cedar Run
catchment. In comparison to streamflow and TSS, the variability in the DO metrics is notably smaller, indicating that precipitation
has moderate impact on DO than on other water quality indicators evaluated in this analysis. Simulated DO concentrations for all
3 SPPs are fairly consistent with gauge-based simulations. Similar to gauge-based simulations, a strong flux in concentrations is
seen in warmer months, which also overlaps with streamflow low-flow periods.
• The SPPs show satisfactory skills for BOD in the Upper Bull Run catchment, but low PCC in the Cedar Run and Upper Board Run
catchments, especially when PERSIANN is used as input precipitation. The model performs well in terms of B and RMSE in the
Upper Bull Run and Upper Board Run catchments, but has low skill in the Cedar Run catchment. Simulated BOD concentrations
(mg/l) increase in warmer periods and drop during cooler periods following patterns associated with TW, yet this indicator also
appears to be influenced by TSS concentrations during peak events.

Overall, results indicate that the spatiotemporal variability of the SPPs, along with the algorithms used by these products to
estimate precipitation, have a quantifiable impact not only on streamflow, but also on water quality output from the hydrology
model. However, it should be noted that there are limitations to this study. Foremost, this analysis was conducted in a single location,
situated in the suburban Washington, D.C. area, characterized by a temperate climate and mild topographic variation. Additionally,
this study only considered 1 hydrology/water quality model in this analysis, i.e., HSPF. While this model is well calibrated and has
been validated to observation results, a different model may respond differently to changes in streamflow and water quality con-
stituents resulting from forcing precipitation inputs. Nevertheless, this work represents a first attempt to utilize SPPs for water quality
modeling, which could be of critical importance in areas of the world where rain-gauge networks or monitoring stations are either
sparse or not available altogether. Future research should observe different regions and models, and other precipitation products such
as re-analysis and blended products. Additionally, an in-depth analysis of the error propagation from the precipitation input to the
water quality output could be performed to understand the performance from each SPPP to gauge-based data of the simulated water
quality output from the HSPF hydrologic and water quality model. Multivariate statistical techniques could also be potentially
applied to evaluate the seasonal and regional characteristics of watershed hydrology and additional water quality indicators by
identifying spatial-temporal variations and trends in water quality at the watershed scale.
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